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be appropriately designed such that the closed-loop system has fast responses. 
Outline of the paper

63
This paper is organized as follows. Firstly, the system identification problem 64 is discussed to build a validated non-linear PCC model with a neural network 65 structure using the data generated by a first-principle model. Secondly, com- 
whereŷ(t + 1) is the estimated capture level of the carbon capture process at the bias, respectively, between the hidden and output layers; and x(t) ∈ R n is 106 the input features at time t and defined as
, and n d2 are model orders which must be determined 110 in terms of model performances. z(x) is the output of the hidden layer, i.e., 
where
Using Diophantine equation
160
[21] iterations, the objective is rewritten as 
where only the first row of u is implemented for the controlled plant. Note that 
, the lean MEA flow rate, is the manipulated . A control objective is defined as J U = r(t + 1) − y(t + 1) 2 + λ ∆U(t) 2 .
192
By minimizing both J Φ and J U , the on-line model update is
and the control policy update is
whereΦ(t) = (φ 1 (t),φ 2 (t)), · · · ,φ L (t)) ∈ R 1×L and r(t + 1) is the set-point of
195
the output. For stability of the closed-loop system, the reset rule is
Eqs. (6), (7) and (8) form the iterative algorithm of the MFAC protocol [13] .
197
To apply this algorithm, tuning parameters within constraints (i.e., η ∈ (0, 1), which is non-trivial. Therefore, the implementation of MFAC is easier. (Fig. 3a) , i.e., n a = 10 and Correspondingly, the selected candidate models must pass the whiteness and with "pass" (Fig. 3b ). Although the model order pair, n a = 5 and n b = 5, is 258 selected by AIC c or BIC, the corresponding candidate model fails the tests 259 (Fig. 3b) . Table 1 (7)). According to input 269 and output dynamics (Fig. 4) , the fit percentage of the selected model is 98.41% Table 1 Validated model orders and fit percentages.
(n a , n b )
H min fit ( %) (5, 5) / / (7, 5) 3 97.77 (10, 1) 1 98.41 (10, 5) 1 98.42 Table 2 Controller design. and implemented to achieve similar performances ( Fig. 6a) with the designed 286 tuning parameters (Table 2) . Although the number of tuning parameters for
287
MFAC is larger than that for PI control, MFAC is easy to ensure stability [14] .
288
PI control needs extra stability analysis of the closed-loop system. Afterwards, the time-variant disturbances, i.e., the flue gas flow rate and the
290
CO 2 mass fraction of the flue gas (Fig. 7) , are applied to the controlled non-linear generation [4] . Simultaneously, the reference signal of the carbon capture level is generated identically to the one of the undisturbed system (Fig. 6a) . Based 294 on the previous tuning parameters (Table 2) , only the capture level deviations 295 from the references (Fig. 6b) Nevertheless, an underline model should be identified before the tuning param- 
337
We have implemented the PI control and the model-free algorithms, namely, parameter λ, easier than PI control using the model-based Nyquist criterion.
344
We have compared PFDL-MFAC with a model-based method called GPC.
345
PFDL-MFAC can be more flexibly tuned on-line without model parameters 346 determined during the off-line system identification. GPC, however, must be 347 applied based on underline models, which is linearised around specified equilib- implemented easily on-line with a simplified off-line tuning process.
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